Recent years have seen dramatic changes in data storage and processing technologies. New opportunities to collect and leverage data have led many managers to change how they make decisions-relying less on intuition and more on data. As Jim Barksdale, the former CEO of Netscape quipped, "If we have data, let's look at data. If all we have are opinions, let's go with mine."
1 How significant is the emergence of data-driven decision-making (DDD), and who adopts it? In this paper we provide the first systematic empirical study of the diffusion of DDD and the factors influencing its adoption.
We find that the use of DDD in US manufacturing nearly tripled (from 11 percent to 30 percent of plants) between 2005 and 2010. This rapid diffusion is consistent with the higher productivity of DDD adopters identified in a companion paper (Brynjolfsson and McElheran 2016 ). Yet adoption is uneven. DDD is concentrated in plants with three key advantages: size, high levels of potential complements (particularly information technology and educated workers), and awareness.
Anecdotes abound suggesting that a shift to more data-driven decision-making can improve performance. Practitioner-oriented accounts emphasize that benefits of new data-related technologies are primarily realized through significant changes in management practices (e.g., McAfee and Brynjolfsson 2012) . Some econometric evidence also links DDD with superior performance in a modest sample of large public firms (Brynjolfsson, Hitt, and Kim 2011) .
This poses a puzzle, however. If DDD is the current "best practice," why don't all firms adopt? Past research points to frictions that may make productivity enhancements slow or costly to implement in certain firms. Awareness of innovative techniques may be difficult to observe and take time to spread (Geroski 2000) . Even well-documented advances may depend on costly or subtle complementary adjustments within the firm (Milgrom and Roberts 1990; Blader et al. 2015) or value chain (McElheran 2015), leading to variation in both adoption and performance.
We recently worked with the US Census Bureau to design and field a large scale survey to examine these phenomena in more depth. This paper and our companion study build on the rich literature concerning persistent performance differences in firms 2 to extend our understanding of how firms take advantage of new technologies and which ones are most likely to benefit.
To begin, we shed light on how these new management practices are diffusing among 2 See Syverson (2011) for a review. Several prior studies have focused on heterogeneous adoption of information technology (IT) as an explanation (e.g., Hitt 2000 and Dunne et al. 2004) , as well as variation in management practices (e.g., Ichniowski, Shaw, and Prennushi 1997; Bloom et al. 2013; Blader et al. 2015) , or a combination of the two (e.g., Bresnahan, Brynjolfsson, and Hitt 2002 and Bartel, Ichniowski, and Shaw 2007) . establishments of different types over time. Size-both in terms of employment and belonging to a multi-unit firm-strongly predicts DDD, consistent with economies of scale. We also find evidence that complementarities may be important, as high levels of information technology (IT) and educated workers are correlated with DDD adoption.
3 Finally, the diversity of ways in which plants learn about new management practices strongly predicts adoption, consistent with heterogeneous learning both about particular practices and about what may be necessary for their successful implementation. Yet, the tripling of DDD rates in five years suggests that firms are overcoming barriers to implementation rapidly. This comports with findings in Brynjolfsson and McElheran (2016) that DDD is not only correlated with significantly better performance in a wide range of operational settings, but also exhibits a timing consistent with the causal relationship described in the case literature.
I. Data and Measures
New large-scale data on management practices was released by the US Census Bureau in 2014 (see Bloom et al. 2013 ). This Management and Organizational Practices Survey (MOPS) was a supplement to the Annual Survey of Manufactures (ASM), which targets roughly 50,000 American manufacturing establishments and provides representative annual coverage of the manufacturing sector. 4 The survey response rate was 78 percent.
While the MOPS was associated with the 2010 ASM, respondents were also asked to report on the state of practices in 2005. Using this quasi-panel structure and linked ASM data from 2005, we explore correlates of changes in DDD over the five-year sample period. In addition, we explore correlations in the full 2010 cross section which contains roughly 34,000 3 Brynjolfsson and McElheran (2016) perform formal tests for complementarities with IT investment, worker education, and other aspects of the plant operating environment.
4 Sampling probability increases with plant size; those with over 1,000 employees are sampled with certainty and accounted for 67 percent of total value shipped in the US manufacturing sector in 2007 (http://www.census.gov/ manufacturing/asm/how_the_data_are_collected/index. html).
plants. Linking to the 2005 ASM yields a balanced panel of roughly 18,000 observations.
A. Measures of Data-Driven Decision-Making
Our qualitative interviews with plant managers emphasize the usefulness of data for managing their operations. To investigate this systematically, the MOPS asked respondents to choose a value on a 5-point scale according to "what best describes the availability of data to support decision making at this establishment," and "what best describes the use of data to support decision making at this establishment." These metrics are highly correlated with each other.
In addition, we leverage information about the number of key performance indicators (KPIs) relating to production, cost, waste, etc. tracked at the establishment. Based on Census' field-testing of the survey instrument as well as our own independent interviews, we interpret the number of KPIs as an indicator of breadth and/or intensity of data gathering at the plant.
Having appropriate targets against which to compare data plays an important role in decision-making (March 1994) . Targets contextualize raw data and motivate action in response to the information signal. Based on our qualitative interviews, we interpret the presence of both long-term and short-term targets as indicating a more extensive use of data to monitor and control performance. To meet our definition of DDD, we require that plants report: (i) being in the top two categories for both availability and use of data; (ii) 10 or more KPIs; and (iii) use of both long-term and short term targets. 6 5 Exact records counts are suppressed in the interest of disclosure avoidance. We restrict our attention to establishments that have positive value added, positive employment, and positive imputed capital in the ASM. This makes the standard productivity calculations possible and excludes low-quality records that may introduce systematic biases to the estimation. A technical condition for the panel analysis (and to get controls such as age) requires a valid linkage to the Longitudinal Business Database (LBD). In order to keep our sample stable across specifications, we further restrict our analysis to records with complete responses to the data-driven decision-making questions, headquarters status, and a critical mass of the management practices questions (at least five of questions 1, 2, 5, 6, 8, 9, 11, 13, 14, 15, and 16 in the MOPS). See Brynjolfsson and McElheran (2016) for more details. 6 Relying on this combination of practices to identify DDD is empirically justified by a polychoric principal factor A rapid adoption of DDD is apparent in our data. Only 11 percent of plants reported reaching our threshold for DDD in 2005, compared to 30 percent in 2010. The tripling of adoption rates occurs in both multi-unit firms and those that have only one plant, but single-unit establishments start and end our sample with less than half the adoption level of their bigger brethren (see Figure 1) .
B. Investment in Information Technology
Advances in IT have changed what is measurable, analyzable, and communicable within firms. Firms that invest significantly in ITeither concurrently or in prior periods-are likely to have a greater volume of digitized information to draw on. Conversely, firms that shift to being more data-driven are likely to boost their IT to provide better inputs to DDD. To address this, we calculate IT capital stock (hardware and software) for each plant using a perpetual inventory approach (see Brynjolfsson and McElheran 2016 for details).
C. Structured Management Practices
Bloom et al. (2013) identify a broad set of management practices correlated with improved performance which they call "structured management." These include some of the same data-oriented metrics that we study, as well as many other practices, including plant-wide dissemination of production targets and performance-based promotion and compensation. To explore the distinction between our more-focused DDD metric and this broader one, we construct a revised structured management index that excludes the data-related measures comprising DDD. analysis (see Brynjolfsson and McElheran 2016) . Applying this technique to these four dimensions yields a single factor with an eigenvalue of 2.28 accounting for 57 percent of the variance in the balanced sample in 2010. 7 We also eliminate measures that might be particularly confounded with performance, such as the likelihood of reassigning or dismissing underperforming workers quickly and whether performance bonuses were paid in the prior year.
D. Plant Size and Human Capital
We study two dimensions of size that might affect the likelihood of DDD adoption. The first is total employment at the plant, to account for economies of scale in adoption. The second is an indicator of whether or not the plant belongs to a larger, multi-unit firm. Because effective use of data may depend on higher levels of formal education, we also explore potential complementarities with human capital using the percentage of workers (both managers and non-managers) with bachelor's degrees.
E. Respondent Characteristics
Prior work suggests that an important substitute for reliance on objective information might be experience and high levels of tacit information among decision-makers (Porter 1996) . We use the reported tenure of the respondent (typically the plant manager) and an indicator of whether or not they are also the CEO to see if this matters for the reported intensity of DDD at the plant.
F. Learning
We hypothesize that the many margins of adjustment required for effective DDD may be difficult for firms to discover and implement. To explore whether the patterns in the data are consistent with a learning-based diffusion mechanism, we take advantage of a question which asked about the sources from which managers at the plant learn about management practices. Respondents could choose all that apply from: consultants, competitors, suppliers, customers, trade associations or conferences, new employees, and headquarters. We use an index of the number of learning modalities to capture the diversity of pathways by which awareness of DDD may arrive at the firm.
II. Results
To systematically examine the adoption of DDD, we estimate a standard probit model of adoption (David 1969) Table 1 report the average marginal effects calculated at the means of the covariates; columns 4 and 5 split this by multi-unit status. The second set of results relies on the complete 2010 cross section with 2010 covariates. Because differences between these two approaches show up mainly when we split the data by multi-unit status, we report only the split: multi-unit plants in columns 6 and single-unit plants in column 7. These findings have the advantage of representing a broader population of plants, particularly the younger, smaller tail of the distribution. Moreover, they reveal that firms were making changes between 2005 and 2010-that are strongly associated with the presence of DDD. We control for industry variation with three-digit NAICS indicators in all specifications in Table 1 . Thus, the results should be interpreted as within-industry relationships.
Three key findings emerge. Economies of scale seem to matter-plants with higher employment and those that belong to multi-unit firms are significantly more likely to adopt. Complementary investments may also play an important role; higher IT investment and a greater percentage of educated workers are correlated with DDD, particularly when we look at the high end of the distribution. Thirdly, awareness of these practices and how to implement them has not reached saturation: a greater number of learning modalities has a strong association with DDD adoption.
The first row of Table 1 explores the correlation with IT to test our intuition that this is a technology-led change in practices. As expected, greater investment in IT-both lagged and contemporaneous-is correlated with DDD. The relationship is most consistently significant among single-unit plants, perhaps because this younger population adopted later and may have been more sensitive to advances that made IT more powerful yet less expensive over the time period we observe.
DDD adoption is also correlated with more "structured" management, but the relationship is complex. Using lagged measures in the first column of Table 1 , the coefficient is large and significant. However, column 2 suggests that both IT and structured management are correlated with lagged firm size making the marginal relationship difficult to pin down. Moreover, certain structured management practices are sufficiently correlated with both IT use and having educated workers that we exclude it from columns 6 and 7, as well. See Brynjolfsson and McElheran (2016) for a more detailed discussion.
Both total employment and belonging to a larger multi-unit firm have separate and economically large associations with DDD. This relationship holds in both the lagged model (column 3) and in the complete cross section (not reported due to the sample split). 8 Next, we see that plants with a higher percentage of workers with a college education are more likely to report high levels of data-driven decision-making. The correlation is strongest for multi-unit plants and is even more striking for DDD and education in 2010.
Next we report on features of the plant that may substitute for the use of data and provides some insight into what the alternative to DDD might be. Greater tenure of the respondent is seen in columns 3-7 to be negatively correlated with the adoption of DDD. Similarly, adoption is lower when the CEO fills out the questionnaire, particularly in multi-unit environments. These individuals may simultaneously have high influence on practices at the plant and rely less on data for the types of decisions they makewhich may be less routine or well-defined, or perhaps they have less need to rely on the validation of data to imbue their decisions with authority (Porter 1996) .
Finally, diffusion of practices will not only be a function of the net benefits of DDD (the assumption underlying the probit model), but also depend on the diffusion of knowledge about practices. Even controlling for many factors at the plant level, firms that learn about new practices from multiple sources are more likely to adopt DDD. These relationships are large enough to be economically important. Figure 2 shows how each factor contributes to the likelihood of DDD. It begins with the average rate of adoption and layers on the marginal effects from the probit model with lagged covariates (Table 1, column 3; coefficients multiplied by one standard deviation except where indicated) to show the cumulative probabilities for certain types of plants. 8 While we explore capital intensity as a covariate in Table 1 , it is also correlated with size and only has an independent relationship with the likelihood of DDD for the multi-unit plants in column 6.
III. Conclusion
Better data creates opportunities to make better decisions. New digital technologies have vastly increased the scale and scope of data available to managers. We find that between 2005 and 2010, the share of manufacturing plants that adopted data-driven decision-making nearly tripled to 30 percent.
Details of DDD adoption patterns reveal that this rapid diffusion is uneven and consistent with three mechanisms that help us to understand the diffusion of management practices, more generally. We find evidence suggesting that economies of scale, complementarities between DDD and both IT and worker education, 9 and firm learning can explain a significant amount of the variation in DDD in recent years.
The rapid diffusion of DDD is consistent with higher productivity from DDD that is found in Brynjolfsson and McElheran (2016) . While the effects of DDD are already economically important, there appears to be room for further diffusion of DDD and our model only explains 9 More-formal tests for complementarities examine both correlations among practices and their joint correlation with performance (Brynjolfsson and Milgrom 2013) . Such tests are conducted in Brynjolfsson and McElheran (2016) .
part of the variance. About 70 percent of the plants in our sample had not yet adopted DDD by 2010 and even after controlling for many observable characteristics, there remains significant heterogeneity in the use of DDD. In short, even our very rich window on the phenomenon is still incomplete. A number of potentially salient factors, such as firm culture (e.g., Blader et al. 2015) are beyond easy reach of our data. Our ongoing work aims to uncover other mechanisms that may further explain the adoption and productivity effects of this rapidly diffusing approach to managerial decision making. ( t o p q u a r t i l e ) M U p l a n t L a r g e I T -i n t e n s i v e ( t o p q u a r t i l e ) M U p l a n t w i t h m o r e e d u c a t e d w o r k e r s A v e r a g e a d o p t i o n M u l t i -u n i t p l a n t L a r g e M U p l a n t E v e r y t h i n g e l s e + l e a r n i n g 
